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Abstract
The present paper proposes a recommendation method that focuses not only on predictive accuracy but also serendipity. In
many of the conventional recommendation methods, items are categorized according to their attributes (genre, author, etc.) by
the recommender in advance, and recommendations are made using the categorization. In the present study, the impression
of users regarding an item is adopted as its feature, and items are categorized according to this feature. Such impressions are
derived using folksonomy. A recommender system based on the proposed method was developed in the Java language, and the
eﬀectiveness of the proposed method was veriﬁed through recommender experiments.
c© 2013 The Authors. Published by Elsevier B.V.
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1. Introduction
Recently, the importance of recommender systems that can present useful information to users is increasing
because the expansion of the Internet has led to an information overﬂow.
A number of studies have investigated recommendation systems. Many of these studies used the collaborative
ﬁltering method or the content-based ﬁltering method [1]. Collaborative ﬁltering is a method that recommends
items favored by individuals having similar tastes. On the other hand, the content-based ﬁltering method recom-
mends items that are similar to items that the active user likes.
Recommender systems based on these conventional approaches focus on predictive accuracy. However, the
development of recommender systems that consider factors other than accuracy alone has been attempted in recent
years [1].
The present study proposes a method for serendipitous recommendation such that users are surprised by rec-
ommended books. A recommender system was developed in the Java language, and the validity of the proposed
method was conﬁrmed through a series of recommendation experiments.
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1.1. Related Research
With the expansion of the Internet, improved recommender systems are desired. Internet shopping sites, such
as Amazon, recommend items to users on their web pages. Such pages are expected to encourage users to buy
recommended items. However, suitable recommendations must be provided if this strategy is to be eﬀective. A
number of studies have investigated recommendation systems in various areas: books [2] [3], music playlists [4],
artwork posted through Social Networks Services [5], television programs [6], and electric appliances [7].
Accuracy is one of the most important concerns in recommender systems. However, the variety of recommen-
dations is also of interest. Pauws et al. adopted several constraints by which to avoid a long series of songs by
the same artist [4]. Ziegler et al. showed that users who were recommended books of various genres had higher
satisfaction throughout their experiments [2].
Herlocker et al. introduced Novelty and Serendipity as indices of recommendation [8]. They also reported
that serendipity-oriented recommendation was able to suggest items that are attractive and unexpected for users.
In existing serendipity-oriented recommender systems, an item is modeled as a list or set of attribute values.
Sumimoto et al. adopted folksonomy in order to represent the characteristics of items [5]. Oku et al. proposed
a fusion-based approach that can recommend serendipitous items by mixing two favorite items [3]. Sato et al.
proposed a method by which to select items for recommendation by adding/removing attribute values [7].
In the present method, we do not use attribute values to directly select items for recommendation but rather use
categories obtained through the attribute values of a users’ favorite items. The features of the proposed method
are explained in the following section.
2. Proposed Method
2.1. Serendipity-oriented recommendation
The purpose of recommender systems is to recommend items that are useful to users. However, items that
suit users’ tastes are not useful when the users are already familiar with the items. This means that recommender
systems are required to recommend items that not only suit the tastes of users but are also novel (unknown to the
users) [1]. Recently, serendipity has also come to be required in recommender systems. The word serendipity
is created by Horace Walpole based on the fairy tale titled “Three princes of Sarendip.” In general, the term
serendipity refers to the ability to ﬁnd something good or useful while not speciﬁcally searching for it. However,
in recommender systems research, this term means that recommended items are unforeseeable, unexpected, or
surprising to the user [1]. When a user searches for an item that suits his/her tastes, the search will be performed
around the area where he/she expects to ﬁnd such an item. Therefore, it is assumed that the user will not be able
to ﬁnd such an item that is not located in the expected area.
In contrast, if the user ﬁnds such a book by accident, the discovery will be serendipitous. In the present study,
it is assumed that a user experiences serendipity when a recommended item suits the tastes of the user, is unknown
to him/her, and is not included in an area that the user expects such an item to be found.
Under many of the conventional recommendation methods, items for recommendation (e.g., books) are cate-
gorized in advance according to their attributes (a genre, authors, etc.) by a recommender. Recommendation is
made using this categorization. For example, books that are classiﬁed as mystery novels will be recommended
to users who love mystery novels. However, a book that is classiﬁed as a love story will not be recommended
to such users even if the book has certain aspects of a mystery novel (Fig 1). Therefore, such books might be
serendipitous books for users who love mystery novels (Fig 2).
In the present study, the impressions of users regarding books are adopted as one of the attributes of books.
For example, if users believe that a book, which is not regarded as a mystery novel but rather as a love story, has
the ﬂavor of a mystery novel, then this impression will be added to the characteristics of the book. Such books are
expected to be recommended to mystery fans by incorporating the impressions of users into the recommendation
process. In the present study, serendipity refers to the ability to ﬁnd useful books outside the conventional book
classiﬁcations. Folksonomy was adopted in order to realize the abovementioned books classiﬁcation.
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Fig. 1. Conventional recommendation.
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Fig. 2. Serendipity in recommendation.
2.2. Folksonomy
Folksonomy is a bottom-up style classiﬁcation system, whereas conventional classiﬁcation systems adopt a
top-down process. Under such conventional systems, items presented to users are classiﬁed in advance based
on categories deﬁned by service providers. Folksonomy classiﬁes items using tags that are assigned by users.
Tags are keywords that are generated by users based on the characteristics, impressions, etc., of each item. Users
are allowed to select any words as tags. Moreover, users are allowed to assign more than two tags to a book.
Folksonomy has the features listed below:
• The classiﬁcation reﬂects the user’s impressions of the items or the users’s view on the items;
• It is easy for users to assign tags to items because users only need to input keywords, and no special
knowledge is required; and
• Classiﬁcation results are ﬂat and are not stratiﬁed.
2.3. Explanation of the term “concept”
For cases in which classiﬁcation is performed using tags that are attached to items, problems of synonyms and
polysemy must be resolved. For example, suppose the tag “blog” is assigned to an item and the tag “weblog” is
attached to another item. Then, the two items are not recognized to have the same feature. However, they have
tags that indicate the same meaning.
In the present study, the impressions of the users themselves are used to classify items. Since the impression
each user feels in regards to a book is not known explicitly, a method by which to infer such impressions from
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Fig. 3. Basic concept of the proposed method.
tag data was developed based on the assumption that tags are selected according to impressions that users have in
regard to various books. An inferred impression is referred to as a “concept” in the present study (Fig 3).
2.4. Proposed method
In this section, we describe the process of recommendation used in the proposed method [9] using book
recommendations. (The recommendation of books is also used in the experiments described in the next section.)
In the proposed method, a concept is expressed in the form of a vector of the degree of relevance from the
concept to tags (see 2.4.3). First, for the case in which two tags are assigned to the same book several times,
the impression of the users who assigned one of the two tags is assumed to be the same as the impression of the
users who assigned the other tag. Under this assumption, concepts are generated as follows. First, the “degree of
similarity” between two tags is calculated (see 2.4.1). Next, similar tags are gathered and clusters are generated
(see 2.4.2). Such a cluster corresponds to a concept.
Using the concepts obtained above, the “degree of relevance” of each book with respect to the concepts and
“degree of relevance” of each user with respect to the concepts are calculated (see 2.4.4 and 2.4.5). Then, the
characteristics of each book and each user are represented by a vector of the degree of relevance. The recommender
system recommends books having characteristics that are similar to those sought by the user.
2.4.1. Degree of similarity between two tags
Two tags a and b are assumed to be used, indicative of the case in which tags a and b are both attached to
the same item. In the present study, such tags are regarded as being similar. Books are classiﬁed into four types,
which are listed below as tags a and b:
(I) Both a and b are attached to the book.
(II) Neither a or b is attached to the book.
(III) Only a is attached to the book.
(IV) Only b is attached to the book.
For the case in which the sum of the percentages of (I) and (II) is large, the similarity between a and b is
assumed to be high. On the other hand, the similarity between a and b is assumed to be low when the sum of
the percentages of (III) and (IV) is large. In the present study, the “degree of similarity” between two tags is
represented by Augmented Expected Mutual Information (AEMI) [10].
AEMI(α, β) =
∑
(A=α,B=β),(A=α¯,B=β¯)
MI(A, B) −
∑
(A=α¯,B=β),(A=α,B=β¯)
MI(A, B)
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Fig. 4. Matrix of the average similarities between a tag and “tags in a cluster”.
where α indicates cases in which tag a is attached to books, and β indicates cases in which tag b is attached
to books. Moreover, α¯ represents cases in which tag a is not attached to any book, and MI(A, B) is mutual
information that measures the co-occurrence of A and B:
MI(A, B) = P(A, B) log
P(A, B)
P(A)P(B)
where P(A) is the occurrence frequency of A, and P(A, B) is the concurrence frequency of A and B.
2.4.2. Tag clustering
This section explains the process of generating clusters that are composed of similar tags.
1. An empty set Cset, which is used as the set of created clusters, is prepared.
2. All tag pairs (Tagi,Tagj) (i  j) are created and sorted in order of similarity. Then, tag pairs that have
higher similarity than a threshold Vt introduced in advance are selected and stored in a list.
3. Tag pairs in the list are processed as follows according to the order of their similarities:
(a) A copy of Cset is created (CopyS et).
(b) Clusters that include both Tagi and Tagj are removed from CopyS et.
(c) For each cluster (Clk) in CopyS et,
• If Tagi is not included in ClK , do step i; and
• If Tagj is not included in ClK , do step ii.
i. The degree of similarity between Clk and Tagi is calculated. The similarity of tag T and cluster
C is the average of the similarities between T and all tags included in C. If the value is greater
than Vt, then Tagi is added to Clk.
ii. The degree of similarity between Clk and Tagj is calculated. If the value is greater than Vt, then
Tagj is added to Clk.
(d) Cset is updated. Concretely, clusters in CopyS et substitute corresponding clusters in Cset.
(e) If Cset does not include a cluster that includes both Tagi and Tagj, a new cluster is created that
includes two tags (Tagi and Tagj) and is added to Cset.
2.4.3. Creation of concepts
A concept Coi is represented by a vector of degrees of relevance from cluster Cli, which corresponds to Coi,
to all tags.
First, t ji, the average degree of similarity between Tagj and the tags in cluster Cli, is calculated for every pair
of a tag and a cluster. Fig 4 illustrates the matrix obtained through the calculation. The sum of each row, s j in Fig
4, is also calculated.
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Fig. 5. Acquisition of concepts.
Next, the normalization of each row vector is performed (Fig 5). The degree of relevance from cluster Cli to
tag Tag j is calculated as follows:
rel(Tag j,Cli) =
t ji
s j
A column vector in Fig 5 corresponding to Cli is the concept Coi.
2.4.4. Representation of the characteristics of books
The characteristics of a book are represented by a vector of the degree of relevance from the book to all
concepts obtained above (Fig 6). The degree of relevance from book Booki to concept Coj is represented as
follows:
rel(Booki,Coj) =
∑
k
rel(Tagk,Coj)
where Tagk is a tag attached to Booki.
2.4.5. Representation of the characteristics of users
First, the degree of preference of user (Useri) with respect to concept (Coj) is introduced as follows:
pre(Useri,Coj) =
∑
k
rel(Bookk,Coj)
where Bookk is a book that Useri likes.
The characteristics of Useri are represented by the vector pre(Useri,Coj) for all concepts obtained above.
There are several methods by which to ﬁnd books that a user likes, including questionnaires, interviews, and
web viewing records. In the experiments of the present paper, examinees directly indicate their favorite books.
2.4.6. Selection of books for recommendation
In the present study, books whose characteristics vectors are similar to that of a target user are selected for
recommendation. Concretely, the inner product of the characteristic vectors of a book and a user is adopted here.
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Fig. 6. Representation of the characteristics of books.
3. Experiments
A book recommender system that is based on the proposed method was implemented in the Java language.
A series of experiments was carried out using the recommender system in order to conﬁrm the validity of the
proposed method.
3.1. Acquisition of data for use in the experiments
Data used in the experiments are collected from Booklog (http://booklog.jp). Booklog is a web service that
provides virtual book shelves. Over 500 thousand users are registered with the site, and over 33 million items
(books, CDs, and so on) had been stored as of Jan. 2012. Web pages have been created for every book. Each of
the pages provides information about the corresponding book. Each page also includes links to pages of related
books. Booklog adopts folksonomy, and its users can attach tags to books arranged on their book shelves.
The most popular books of 2011 and books linked to these books were selected. A total of 18,922 tags attached
to 6,717 books were obtained.
3.2. Experimental and evaluation methods
Concepts were generated and speciﬁc vectors were calculated from the data obtained by the proposed method.
The concepts and the vectors were embedded into the developed recommender system. The system recommended
ten books to each of the 50 examinees.
A characteristic vector for each examinee was calculated from favorite books that the examinee listed. Ten
books were selected for each examinee according to his/her characteristic vector. Next, the examinees answered
the three questions listed below for each of the recommended books:
Q1 Are you interested in the book?
(1) Yes. (2) Somewhat. (3) Only slightly. (4) No.
Q2 Do you know the book well?
(1) Yes, I have read it. (2) Yes, but I have not read it.
(3) Only by title. (4) No.
Q3 Do you think the recommendation is valid?
(1) Yes. (2) I don’t know. (3) No.
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Table 1. Results of the recommendation experiment.
(1) (2) (3) (4) total
Q1 156 153 149 42 500
Q2 65 55 77 303 500
Q3 228 147 125 N/A 500
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Fig. 7. Ratio of recommended books that were serendipitous.
3.3. Results
A total of 500 responses (ten responses from each of the 50 examinees) for the three inquiries were obtained.
The numbers of responses are shown in Table 1.
Fig 7 summarizes the results. A1, A2, and A3 in Fig 7 represent the responses for Q1, Q2, and Q3, respectively.
For Q1, the positive results ((1) or (2)) were selected as the responses of 309 recommended books (61.8%; the
darker area of A1 in Fig 7). These results are as good as those obtained using existing research [11]. A total of
200 books that the examinees did not know well ((3) or (4) for Q2) were among the 309 books. The darker area
of A2 in Fig 7 indicates the 200 books ((1) or (2) for Q1, and (3) or (4) for Q2). Among the 200 books, a total of
38 surprising book recommendations were reported by the examinees ((3) for Q3) (indicated be the darker area of
A3 in Fig 7). Thus, approximately 12% of books were serendipitous books. Since a situation in which most of the
book recommendations are surprising is not adequate, the obtained results, in which most book recommendations
were appropriate and the remainder were serendipitous, are considered to indicate an appropriate recommendation
scheme.
3.4. Follow-up experiment
Six months after the recommendation experiment, a follow-up experiment was carried out. In this experi-
ment, each examinee reevaluated his/her recommended books that were unknown when at the time of the original
experiment but that had been read since that time. The examinees responded to the following question:
Q1 Are you interested in the book?
(1) Yes. (2) Somewhat. (3) Only slightly. (4) No.
The total number of books the examinees had read was 41. The percentage of positive answers was approxi-
mately 83%. This result reinforces the validity of the proposed method.
3.5. Analysis of obtained concepts
An analysis of the obtained concepts was carried out in order to conﬁrm that the concepts represent the im-
pressions of users related to books.
The left-hand column of Table 2 shows several concepts that have a close relation with the “programming”
tag. The right-hand column shows the corresponding tags that have a close relationship with each of the clusters.
Some Japanese word tags were originally written in Chinese characters and Kana. The meanings of these words
are provided in parentheses. Tags that have the same meanings (JS, Javascript, javascript, and JavaScript) have a
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Table 2. Results of the recommendation experiment.
Concept Tags that have a close relation to the concept
1 JS, Javascript, javascript, JavaScript, it
2 ruby, Ruby, puroguramingu (programming), web, gijutsu-sho (technical book)
3 C, Linux, linux, C-gengo (C language), puroguramingu (programming)
4 Java, java, Android, android, it
5 iOS, iphone, kaihatsu (development), iPhone, puroguramingu (programming)
close relation to Cluster 1. This means the problem of synonyms can be restrained. On the other hand, diﬀerent
programming languages (ruby, C, Java) are separated.
These results also reveal that expected “concepts” can be obtained.
4. Conclusions
In the present study, a serendipity-oriented recommendation method was proposed. Impressions of users
regarding a book are extracted as “concepts” using tag data attached to books in the folksonomy style. In the pro-
posed method, these concepts are used for the selection of book recommendations. The introduction of concepts
is expected to enable recommender systems to ﬁnd not only useful but also unexpected items for users.
A recommender system based on the proposed method was implemented, and recommendation experiments
were carried out using this system. First, concepts were extracted from the data on favorite books recorded on a
website. Using the concepts, books for recommendation were selected for examinees. Then, the examinees were
requested to ﬁll in a questionnaire in order to examine whether the recommendation has been satisﬁed. Their
impressions of the recommended books were also reported after reading the books. The recommender system was
conﬁrmed to have suﬃcient recommendation accuracy and to be able to recommend serendipitous books to users.
An analysis of the obtained concepts was also carried out in order to examine whether they conformed to
human impressions. An analysis of the concepts conﬁrmed that expected concepts were obtained.
References
[1] Kamishima, T., 2007. “Algorithms for Recommender Systems (1)” (in Japanese), Journal of JSAI, 22, 6: 826-837.
[2] Ziegler, C., McNee, S.M., Konstan, J.A., Lausen, G., 2005. “Improving Recommendation Lists Through Topic Diversiﬁcation,” Proceed-
ings of the 14th international conference on World Wide Web, 22-32.
[3] Oku, K., Hattori, F., 2013. “Fusion-based recommender system for serendipity-oriented recommendations” (In Japanese), JSOFT Journal,
25, 1, 542-539.
[4] Pauws, S., Verhaegh, W., Vossen, M., 2006. “Fast Generation of Optimal Music Playlists using Local Search,” Proc. of 7th International
Conference on Music Information Retrieval, 138-143.
[5] Sumimoto, S., Nakagawa, H., Tahara, Y., Ohsuga, A., 2011. “A recommender agent providing novelty and serendipity on social media
SNS” (In Japanese), IEICE Trans. on Information and Systems, 194-D, 11, 1800-1811.
[6] Murakami, T., Mori, K., Orihara, R., 2008. “Metrics for evaluating the serendipity of recommendation” (In Japanese), New Frontiers in
Artiﬁcial Intelligence Lecture Notes in Computer Science , 4914, 40-46.
[7] Sato, F., Otaki, A., Hattori, H., Sato, H., Takadama, K., 2010. “Serendipity-based recommender system: maintaining the users interest in
the search by recommending the items in other categories” (In Japanese), Proc. of the 24th Annual Conference of JSAI, 3C3-3, 1-4.
[8] Herlocker, J., Konstan, J.A., Terveen, L.G., Riedl, J.T., 2004. “Evaluating Collaborative Filtering Recommender System” ACM Transac-
tions on Information Systems, 22, 1, 5-53.
[9] Yamaba, H., Tanoue, M., Takatsuka, K., Okazaki, N., Tomita, S., 2013. “On a serendipity oriented recommender system based on
folksonomy,” Proc. of 18th International Symposium on Artiﬁcial Life and Robotics, 338-341.
[10] Cahn, PL., 1999. “A non-invasive learning approach to building web user proﬁles” KDD.99 Workshop on Web Usage Analysis and User
Proﬁling.
[11] Niwa, S., Doi, T., Honiden, S., 2006. “Web Page Recommender System based on Folksonomy Mining” (in Japanese), IPSJ Journal, 47,
5: 1382-1392.
